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ABSTRACT 
Alterations in the regulation of gene expression have long been proposed to be 
crucial in contributing to phenotypic variation. To systematically compare variation in the 
expression of transcription factors and other genes across genotypes and tissues, the 
transcriptomes of 5 tissues were deeply sequenced from 27 inbred maize lines, comprising 
the founders of the Nested Association Mapping (NAM) population. Consistent with the 
hypothesis that variation in gene regulation contributes to phenotypic diversity, the genes 
that exhibit the most variable expression (G-VE genes) across genotypes are enriched in 
transcription factors. A proportion of those G-VE genes also demonstrated extreme 
expression variation across tissues. We further identified approximately 5 million SNPs 
and InDels from the RNA-Seq dataset, and determined the minimum numbers of 
haplotypes per gene in the NAM founders. Consistent with the complementation model of 
heterosis, 1,319 Filtered Gene Set (FGS) genes are affected by Large Effect SNPs (LES), 
which altered start codons, stop codons or splice sites. 26% of these LES alleles are rare 
alleles (with allele frequencies < 0.1). However, an additional 44% of LES has allele 
frequencies more than 0.8, possibly due to inaccurate annotation of genes or unidentified 
isoforms in the B73 reference genome. Both CNVs and gene haplotypes were found to have 
tissue-specific contributions to variation in gene expression. Our analysis revealed both 
regulatory and genetic variants’ roles in contributing to phenotypic variation. 
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NOMENCLATURE 
 
CNV Copy Number Variation 
PAV Present Absent Variation 
NAM Nested Association Mapping 
LES Large Effect SNPs 
G-VE Genotype Variably Expressed 
G-SE Genotype Stably Expressed 
FGS Filtered Gene Set 
NGS Next Generation Sequencing 
SNP Single Nucleotide Polymorphism 
InDel Insertions or Deletions 
QTL Quantitative Trait Loci 
T-VE Tissue Variably Expressed 
T-SE Tissue Stably Expressed 
AIC Aiken Information Criteria 
GLM Generalized Linear Model 
FDR False Discovery Rate 
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DISSERTATION ORGANIZATION 
This dissertation consists of a general introduction (chapter1), one research paper 
(chapter 2) and a general conclusions (chapter 3). Chapter 2 described a comprehensive 
analysis of genetic and gene expression differences among maize NAM founders, where the 
genetic, gene expression diversity and relationship between them were explored. I mainly 
contributed to the computational analysis of RNA-seq alignments and genetic variants, and 
the statistical analysis of RNA-seq counts data.  The paper was written under the guidance 
of Dr. Patrick Schnable.  
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CHAPTER 1. GENERAL INTRODUCTION 
Introduction 
Genetic and phenotypic diversity 
Phenotypic diversity describe a phenomenon where different individuals of 
same species exhibit distinct phenotypes (1). This phenomenon is very common in 
nature, and is widely used in fields like plant/animal breeding (1) and conservational 
biology (2). Although there are many breeding programs utilizing phenotypic diversity, 
such as plant breeding programs for high oil content or pathogen resistance (3-5), the 
mechanism of phenotypic diversity is still elusive. Understanding the molecular basis 
for phenotypic diversity will greatly accelerate its application.  
In quantitative genetics, phenotypic diversity was mainly explained by genetic 
and environmental effects (6). Epigenetics has also been shown to contribute to 
phenotypic variation (7). Among those, genetic components (especially additive genetic 
effects) were mostly focused on since it was the major heritable determinant of 
phenotypes. Both linkage and association analysis were powerful ways to dissect 
genetic variants that controlled phenotypes (8). Recent development of sequencing 
technologies have already revolutionized genetic studies, providing novel ways to 
discover genomic variants (9).  
Genome-wide association study (GWAS), is one of the state-of-the-art 
technologies to study phenotypic variation across diverse individuals (10). It takes 
advantage of rich historical recombination events in nature populations which broke 
down the genome into small pieces associating with interesting phenotypes (11). High 
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density markers were needed to fully take advantages of this feature. There are many 
haplotype map projects that used the next generation sequencing technology (NGS) to 
create high density genotyping panels (12-15). Particularly for maize, there are 
HapMap1 (12), HapMap2 (13) projects and many other resequencing projects (16, 17), 
which utilized low depth whole genome sequencing to discover genomic variants across 
different breeds. However, the great size and complexity of maize genome have limited 
whole genome shotgun sequencing’s ability to comprehensively identify genomic 
variants (18). Moreover, since it had been showed that genic and regulatory variants 
were major contributors to phenotypic variations (19), it is more important to identify 
those variants in order to better dissect phenotypic variations. RNA sequencing 
technologies, compared with other target sequencing technologies, such as exome-
sequencing and sequence capture, could provide comprehensive genetic information in 
transcribed regions (20), and thus was very useful to identify genic variants for GWA 
studies.  
Evolution of gene expression and mechanisms of phenotypic variation 
The rise of gene expression profiling technologies, including the early 
microarray technology and currently popular RNA-seq technologies, had enabled 
studies of genome-wide patterns of gene expression levels (20). While phenotypic data 
was often difficult to collect, gene expression levels could be regarded as molecular 
phenotype data, and thus could be used to study mechanisms that underlie phenotypic 
diversity (21). There were many studies to compare variation of gene expression levels 
within and between species (7, 22-25). The genes whose expression levels were highly 
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variable across individuals or lineages could be subjected to diversifying selection or 
lineage specific selection, and those stable across individuals or lineages were potential 
targets for stabilizing selection (22). Although there were still ongoing debates on 
methods that were used to characterize those specific subsets of genes, rank based 
methods could prioritize genes whose expression levels were under selection (26). 
Identifying genes that showed extreme variation of gene expression levels across maize 
inbred lines will greatly help finding genes whose expression levels were under 
selection, and thus would help understanding molecular mechanisms for phenotypic 
diversity.  
 Many studies in different species had been done to study the molecular 
mechanisms that underlie phenotypic diversity. Various factors, such as small RNAs 
(27), transposable elements (28), epigenetic modifications (7), etc., had been 
demonstrated to contribute to phenotypic variations. Several case studies had 
demonstrated the crucial role of transcription factors in adaptive evolution (29, 30). In 
human, expression of transcription factors in brain was demonstrated to evolve quickly 
compared to other primates, leading to phenotypic divergence of human (31-33). 
However, such genome-wide studies were still scarce in plant. Maize, as a very diverse 
species with distinct history of selection (34), is an ideal model to understand the 
molecular mechanisms of phenotypic diversity.  
Contribution of genomic variation to phenotypic variation  
Genomic control of phenotypic variation, including variation of gene expression 
levels, was one of the most fundamental topics of genetics. Extensive studies of different 
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species and different populations had been done in different species with different 
experimental designs and platforms for this question (21, 35). Most studies use simple 
variants, such as SNPs or InDels to correlate with variations of gene expression levels. 
There is another type of genomic variants, named structural variations, that were also 
shown to be significant in contributing to phenotypic variants. Structural variations 
generally could be classified into different categories, where copy number variations 
(CNVs) referred to alternations of copies of genomic sequences among individuals, 
while others, such as inversions or translocations, referred to the alternation of 
genomic physical positions in the genome.  Present absent variations (PAVs) were a 
specific type of copy number variation where a segment of genomic DNA will be 
completely missing from one individual (36). Compared with SNPs/InDels, how CNV 
contributed to phenotypes had been less intensively studied. Nevertheless, there were 
many studies on effects of CNVs on variations of gene expression levels (37-42). It had 
been demonstrated that CNVs not only affected expression levels of genes located 
within them, but also affected genes at its flanking regions or even those far apart (43). 
CNVs were also demonstrated to regulate temporal patterns of gene expression in C. 
elegans (44). Although there were case studies showed that CNVs would affect gene 
expression patterns, there were still lack of genome-wide evidences whether CNVs 
could regulate gene expressions in different tissues.  A comprehensive study of spatial 
effects of CNVs on expression will unravel our understanding of functional impacts of 
CNVs.  
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Abstract 
Alterations in the regulation of gene expression have long been proposed to be 
crucial in contributing to phenotypic variation. To systematically compare variation in 
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the expression of transcription factors and other genes across genotypes and tissues, 
the transcriptomes of 5 tissues were deeply sequenced from 27 inbred maize lines, 
comprising the founders of the Nested Association Mapping (NAM) population. 
Consistent with the hypothesis that variation in gene regulation contributes to 
phenotypic diversity, the genes that exhibit the most variable expression (G-VE genes) 
across genotypes are enriched in transcription factors. A proportion of those G-VE 
genes also demonstrated extreme expression variation across tissues. We further 
identified approximately 5 million SNPs and InDels from the RNA-Seq dataset, and 
determined the minimum numbers of haplotypes per gene in the NAM founders. 
Consistent with the complementation model of heterosis, 1,319 Filtered Gene Set (FGS) 
genes are affected by Large Effect SNPs (LES), which altered start codons, stop codons 
or splice sites. 26% of these LES alleles are rare alleles (with allele frequencies < 0.1). 
However, an additional 44% of LES has allele frequencies more than 0.8, possibly due to 
inaccurate annotation of genes or unidentified isoforms in the B73 reference genome. 
Both CNVs and gene haplotypes were found to have tissue-specific contributions to 
variation in gene expression. Our analysis revealed both regulatory and genetic 
variants’ roles in contributing to phenotypic variation.  
Introduction 
Phenotypic variation is one of the fundamental characteristics of species, and 
has wide applications in plant breeding. For example, in maize breeding, there are 
extensive efforts in using diversity panels (1-4), structured populations or specific 
selection populations (5-7) to study important phenotypic traits, such as yield (8), leaf 
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architecture (9), kernel (8, 10), stalk strength (11), seed size (5) and oil content (12). 
Many different methods, including mutagenesis and QTL mapping, has already been 
used to understand molecular underpinnings of phenotypic variation (13). Various 
molecular mechanisms, such as protein coding alternations (14), transposable elements 
(15, 16), small RNAs (17) and genomic changes (18), have been revealed to affect 
phenotypic changes. Gene duplications and de novo genes were also demonstrated to 
contribute to phenotypic variations (19, 20). Despite such progresses, the genome-wide 
mechanisms of phenotypic variation are not completely revealed.  
It has long been proposed that mutations affect the regulation of gene expression 
are more important than those affecting protein sequences in contributing to 
phenotypic diversity (21). Although much phenotypic variation can be predicted 
through protein coding variants (22), many genome-wide association studies (GWAS) 
have revealed the importance of regulatory variants in determining phenotypes (23). A 
recent GWAS in maize has demonstrated that regulatory variants play a more important 
role than genic variants in contributing to phenotypic variations (24). Variation of gene 
expression levels within and between populations has found to be important in 
understanding evolution of phenotypic traits (25). Several primate studies have 
revealed that elements of gene regulation, such as cis-regulatory elements or 
transcription factors, evolve rapidly in response to selection (26-28). Moreover, it has 
been demonstrated in mouse that the divergence of transcriptional regulation is tissue-
specific (29). Both in mammals and plants, tissue specificity is also shown to affect gene 
expression’s response to selection (30-33).  
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Comprehensive eQTL studies have demonstrated the majority of associated 
genetic variants with gene expression variation (34-39). There are also reports showed 
tissue-specific effects of genetic variants on expression (40). CNVs are another kind of 
polymorphisms, which are showed to contribute to many distinct phenotypes (41-44), 
separately with that of SNPs (38). It is also shown to affect gene expression in human 
(38, 45-47) and mouse (48, 49), with 85%~90% of CNVs associated with gene 
expression (50). There is also emerging evidences for CNV’s role in temporal patterns of 
gene expression (51). A systematic investigation of how genomic variants contribute to 
gene expression will deepen our understanding of molecular mechanisms of phenotypic 
variation.  
Here we took advantage of RNA-sequencing technology to study molecular 
mechanisms that underlies gene expression variation among maize inbreds. We deeply 
sequenced mRNA from apex, ear, root, shoot and tassel of 27 founders of Nested 
Association Mapping (NAM) population, which was designed to collect the great genetic 
diversity of modern maize inbreds (52). Specifically, we aimed to: (1) calibrate gene 
expression variation among maize inbreds; (2) explore tissue-specificity of genes with 
extreme expression variability among genotypes; (3) identify genetic variants, 
especially deleterious variants to explore mechanisms of genetic canalization; (4) 
evaluate effects of genomic variants (including gene haplotypes and copy number 
variation) on gene expression variation. A detailed profiling of genetic and expression 
variation among maize inbreds and evaluation of genetic variants impacts on 
expression variation was an essential step to understand phenotypic variation and 
heterosis among maize inbreds. 
13 
 
  
Results 
RNA sequencing and genetic variants discovery 
RNA sequencing was conducted on mRNA extracted from apex, immature 
unpollinated ears, immature tassels, seedling shoots and roots collected from the 27 
inbred NAM founders. 6 billion raw reads (~101 bp) were generated, which 
represented 4000x coverage of the high confidence maize genes in the Filter Gene Set 
(FGS). The RNA-seq reads were trimmed, filtered and aligned to the reference genome 
(methods). 2.9 billion non-stacking uniquely aligned reads were used in variant calling 
and to assay expression levels (Tab.S1). In total 5,234,076 polymorphisms, including 
4,487,257 SNPs and 746,819 InDels at 5,086,300 polymorphic sites were discovered 
(Tab.S2).  On average 868,289 variants were detected per inbred, including 774,351 
SNPs and 93,938 InDels (Tab.S2). ~64% of these variants are located in the FGS 
(Tab.S2). Those SNP and InDel sites had an average missing rate of 49.5% (12.9/26) 
(Fig.S1A). 2,550,644 sites (50% of all sites) with missing rate less than 50% were used 
to calculate minor allele frequencies. Those sites have an average minor allele 
frequency of 17.9% (Fig.S1B). At 570,954 of the sites (22% of 2,550,644 sites), the B73 
alleles were both minor alleles; 8.0 % of them have allele frequencies less than 0.10 
(Fig.1B). Quality of detected SNPs was validated through cross-validation with 
HapMap1 (53), HapMap2 (54) and Mo17 Sequenom SNPs (55). Our RNA-seq SNPs had 
an average 99.9% concordance rate with HapMap1 SNPs (Tab.S3A), 97.5% with 
HapMap2 SNPs (Tab.S3B) and 100% with Mo17 Sequenom SNPs. In total, 3.2 million 
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novel variants (out of 5.2 million variants) were discovered in this RNA-seq 
experiments (Fig.1A).   
Deleterious alleles were rare but prevailing across maize inbred lines 
To understand functional impacts of those SNPs, we asked if they would have 
large effects (that lead to splice site change, loss of start codon, gain or losses of stop 
codons) gene functions. A total 3,607 large effect SNPs (LES), affecting 3,168 transcripts 
of 2,810 genes were identified, in concordance with previous reports (54, 56, 57). On 
average, there are 1,477 LESs per genotype, affecting 1,319 transcripts of 1,222 genes. 
Of 2,875 LESs with missing rates of less than 50%, 738 (26%) are rare alleles (allele 
frequencies < 0.1). Contrary to our expectation, out of those 2,875 low missing rate 
LESs, 1,460 (50.7%) are major alleles. Among the major large effect alleles, 1,290 (88%) 
have allele frequencies greater than 0.8. This was probably due to unidentified isoforms 
in other genotypes or incorrect genome annotation, as the proportion of splice site 
disruption effects increased dramatically when their allele frequency was greater than 
0.8 (Fig.1D). For the rest of LESs, 70% introduce a premature stop codon, 17% a stop 
loss, 12% a start loss, and 1.2% a splice site signal (B). We did not observe enrichment 
of premature stop codon at the 3’ end of transcripts (Fig.S1D) reported in human (58), 
probably due to differences between DNA and RNA sequencing technology. After 
removal of high allele frequency LESs, 1,319 genes that affected by LESs remained, with 
an average 243 of LES-affected genes per genotype. Notably, of those genes, only an 
average 159 genes all of whose isoforms were affected by large effect SNPs, indicating 
possible complement of large SNP effects by alternative splicing. Genes with deleterious 
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alleles are depleted in the maize classical gene set (59) (𝜒2=4.18, p-val=0.041), 
consistent with these genes being under strong selection. We did not find any functional 
enrichment for this subset of genes affected by LESs.  
Identification of variably and stably expressed genes across genotypes 
Beyond sequence level diversity, we were also interested in identifying genes 
with extreme expression levels of variation across genotypes. A series of model 
selection procedures were performed to select a best summary statistic to represent 
expression variation. Ultimately, we used negative binomial distributions to model 
genes’ read counts distributions, and selected the overdispersion parameters of quasi-
negative binomial Generalized Linear Models to minimize the correlation between 
expression variation and expression levels (methods). 
The scaled log10 overdispersion parameters across genotypes demonstrated a 
right shifted bell shaped distribution (Fig.2A). To investigate characteristics of genes 
that demonstrated great variation in gene expression, we used the upper 2.5% 
percentile of this distribution to define genes which demonstrated great variation in 
expression levels across genotypes (Fig.2A), namely Genotype Variable Expression (G-
VE) genes. In total 741 G-VE genes were defined. Importantly, several of transcription 
factors families were strongly enriched among the G-VE genes (Fig.3A, Tab.S5A), 
reminding us classical cases in which transcription factors played during adaptive 
evolution and domestication (60, 61). These genes were found to be depleted in 
ubiquitin and ribosomal proteins (Fig.2B,Tab.S5A), consistent with previous reports 
about expression patterns of ubiquitin and ribosomal proteins (62-64). Those genes 
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tended to be syntenic genes with sorghum (p-val = 7.1E-12), indicating they were 
evolutionarily conserved.  
Canalization described a phenomenon which genes demonstrated robustness 
against environmental and genetic fluctuations. It had been hypothesized that genes 
under canalization could either evolve slowly due to stringent stabilizing selection, or 
evolved fast due to stably low expression levels which could better tolerate deleterious 
alleles (65). The G-SE genes we discovered were the set of genes whose expression 
levels were canalized, and thus became a good resource to study canalization. We firstly 
explored the function of those genes. The G-SE genes were enriched in unknown 
functions (p-val = 1.6E-58) (Fig.2C, Tab.S5B). Nevertheless, G-SE genes were depleted 
in transcription factors (p-val = 1.2E-8), signaling receptors (p-val = 8.1E-5) and 
development related genes (p-val = 8.5E-4) (Fig.2C, Tab.S5B). We then asked whether 
those G-SE genes were shaped by natural and artificial selection. Utilizing the recently 
available genomic regions that were under selection during domestication and 
improvement processes (66)，we discovered that these G-SE genes were significantly 
enriched in domestication (p-val = 0.0013) and improvement targets (p-val = 0.013). 
Also, these genes tended to be syntenic genes with sorghum (p-val = 2.8E-10). To test if 
low expression helped toleration of deleterious alleles, we asked if G-SE genes with 
large effect SNPs tended to show low expression relative to the rest. We did not find 
significant differences between expression level distributions of G-SE with and without 
deleterious alleles (p-val = 0.37, Fig.S2).  
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Correlation between variation of expression levels across tissues and genotypes 
After identifying genes with extreme expression variation across genotypes, we 
further investigated their variation patterns of expression across tissues. A similar 
statistical strategy was used to calibrate variation of expression variation levels across 
tissues and define Tissue Variable and Stable Expression (T-VE & T-SE) genes. 
Distribution of scaled log overdispersion parameters across tissues was bell shaped 
(Fig.3A). 741 T-VE and 741 T-SE genes were identified. T-VE genes are mainly enriched 
in photosynthesis, secondary metabolism, signal transduction, developmental related 
transcription factors, et al (Fig.3B); T-SE genes are enriched in global transcription 
factors, protein metabolism (synthesis and degradation) (Fig.3B, Tab.S5B). As was 
previous reported (62, 67, 68), expression variation of ribosomal proteins was 
moderate since they were depleted in both tissue-wise extreme categories (Fig.3B, C). A 
linear trend was observed between tissue-wise and genotype-wise variation (𝑟2= 0.49, 
Fig.S3). There was no such gene that was extremely stable across tissue while variable 
across genotype, verse visa (Tab.S5). Of the 741 G-VE genes, 243 were also extremely 
variable across tissues. Interestingly, G-VE transcription factors tended not to be 
extremely variable across tissues, while defense-related genes tended to show great 
variation both across genotypes and tissues (Tab.S5C).  
Tissue-specific haplotype effects on gene expression 
To investigate impacts of genetic variation on gene expression variation, we 
asked if gene haplotypes contribute to gene expression. An algorithm was designed to 
classify gene haplotypes based on coding regions SNPs (methods). Among 38,553 FGS 
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genes with RNA-seq read support, 25,459 have at least two haplotypes (Fig.4A). 
Haplotype missing rate of a gene was calculated as ratio between number of 
unclassified genotypes and number of overall genotypes (Fig.S4). The 17,684 genes 
with 0% haplotype missing rate were used to estimate number of maize gene 
haplotypes. Haplotype diversity of a gene was defined as the ratio between number of 
haplotypes and number of genotypes. 9.5% (1,682/17,684) of genes have haplotype 
diversity > 50%, reflecting great allele diversity. Genes with haplotype diversity greater 
than 50% are enriched in leucine rich repeat signaling receptor kinases and auxin 
response factor family (Tab.S6). We further asked if gene haplotypes had effects on 
variation of gene expression levels. Negative Binomial GLMs were used to evaluate 
haplotype,  tissue, and haplotype-by-tissue effects on gene expression levels. 5% FDR 
were used to define significant main effects on expression. 21,839 genes with sufficient 
average read counts and convergent parameter estimations were included in the 
analysis. Of those genes, 62.4% (13,633) showed differential expression across 
haplotypes, and 90.3% (19,718) showed differential expression across tissues. 
Moreover, 30.6% (6,684) genes showed significant haplotypes by tissue interactions, 
indicating tissue specific haplotype effects on gene expression (Fig.4B).  
Tissue-specific CNV effects on gene expression 
Besides simple variants, such as SNPs and InDels, CNVs are also important 
polymorphisms underlying phenotypic variations. Availability of CNV genes among 11 
NAM founders (69) enabled us to study their impacts on gene expression. Just like 
previous analysis for haplotypes expression, same statistical methods were used to 
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assess CNV and tissue’s main effect on gene expression. Of 3,445 CNV genes from 
previous study, 1,468 genes, which have sufficient expression levels across tissues and 
genotypes and converged parameter estimations, were subjected to further analysis. In 
the 1,468 genes, 33.5% (492 genes) demonstrated significant CNV effects, 62.9% (923 
genes) showed significant tissue effects, and 8.2% (121 genes) had demonstrated CNV-
by-tissue interactions (Fig.4C, Fig.S5). We  further asked how copy number alternation 
would change expression levels. Of the 492 genes with significant CNV main effects, 
83.7% (412/492) have positive effects while 15.9% (78/492) have negative effects. 
This conclusion was consistent with previous observations in human and mouse (38, 
48). There are 2 genes which single copy gene showed higher expression level than 
both copy number lost and gain genes.  
Discussion 
Regulatory variation in gene expression had been proposed to contribute to 
phenotypic variation. Through a comprehensive analysis of variation in gene expression 
levels across maize genotypes, we demonstrated that transcription factors were 
strongly enriched among genes that exhibited great variation in expression levels 
among genotypes. We also found correlation between genotype-wise and tissue-wise 
variation of gene expression levels. The genes whose expression levels were canalized 
across genotypes were enriched in domestication and improvement targets, but not 
enriched for deleterious alleles. Both gene haplotypes and copy number variations were 
showed to contribute to expression variation; substantial proportions of those genomic 
variants had demonstrated tissue-specific effects on expression levels. ~80% of copy 
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number alternation correlate positively with expression level changes; while ~20% 
correlated negatively with expression levels.   
Transcription factors played vital roles in contributing to phenotypic variation 
Phenotypic variation among modern maize inbreds is an emergent response of 
selection during domestication, subsequent improvement at different geographic 
locations, neutral variants arising during the maize evolution process, and random 
noise due to the environmental differences. Variation of gene expression within and 
between species could provide important evolutionary clues of gene expression (25, 
70). Despite on-going debates on measuring expression variation within/between 
species, rank-based method was popular in enriching candidate genes whose 
expression were under recent selection (70). Indeed, the genes with extreme stable 
genotype-wise expression were enriched in previously identified domestication and 
improvement regions; many domestication and improvement genes were also found, 
but not enriched, in variably expressed genes across genotypes. This result indicated 
the power of comparative transcriptomic studies in prioritizing candidate 
domestication and improvement regions and identifying additional candidates that 
would play important roles responding to natural and artificial selection. However, 
although we found enrichment/overlap between G-SE/G-VE genes and domestication 
and improvement genes, the extreme expression variation was not necessarily due to 
selection on cis-regulatory elements. In fact, the haplotype diversity of G-SE genes were 
significantly higher than overall genes (p-val < 2.2E-16) and were as high as G-VE genes 
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(p-val = 1). Domestication and improvement activities might act on regulatory elements 
to create extreme expression variation patterns.  
Previous case studies have revealed the role of regulatory elements played in 
phenotypic evolution (Doebley et al. 2006; Carroll 2008; Purugganan and Fuller 2009; 
Gross and Olsen 2010). Extensive genome-wide studies in primates have also 
demonstrated that genes responsive for directional/diversifying selection are often 
transcription factors (23, 70-72). Consistent with previous findings, we found that G-VE 
genes were enriched in several transcription factors families. This implied different 
species have employed similar strategies in response to selection, regardless of natural 
selection or artificial selection.  
Although robustness against genetic and environmental changes, known as 
canalization (Waddington 1942; Waddington 1953; Waddington 1956), had long been 
proposed, there are still controversies on its concepts, functional and evolutionary 
implications (65). Canalization may decrease the evolvability of a trait through fixing it 
to a static state; but contradictorily, may also increase the genetic diversity by lowering 
the expressivity of deleterious alleles (65), known as cryptic genetic variance (73). This 
idea might need to be revisited since expression variation and expression levels would 
not necessarily correlate (Fig.S6A,B). Nevertheless, of our list of stably expressed genes, 
we did not find enrichment of large effect SNPs. Functionally, different from previous 
animal studies, which metabolism related genes were found to be stably expressed 
across genotypes (31), we did not find any enrichment in metabolism genes. Most of 
those genes were enriched in unknown functional categories. However, this was not 
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because the genes were evolutionarily novel, since they were strongly enriched in 
syntenic genes with sorghum. 
Effects of tissue-specificity on evolution of gene expression 
Studies in several species have suggested that evolution of gene expression was 
highly tissue-specific (31, 74). Consistent with those reports, we observed a positive 
correlation between genotype-wise and tissue-wise expression variations. Specifically, 
a great proportion of G-VE genes are highly variable across tissues. Interestingly, for G-
VE genes, genes with specific functions, such as metabolism, pigment accumulation and 
cell wall composition, were also highly variable across tissues. On the other hand, genes 
with regulatory functions were not extremely variable across tissues. It is either 
because those transcription factors had global impacts across tissues or their tissue 
specific functions did not emerge at the early stages of development.  
Deleterious alleles support dominant model of heterosis 
Mechanism of heterosis is still elusive (75). Several resequencing projects have 
identified thousands of genes with deleterious alleles, consistent with the dominance 
and pseudo-overdominance model of heterosis (9, 56, 57, 76). Besides discovery of an 
additional set of large effect SNPs that might have deleterious effects on genes, our 
analysis has demonstrated the complexity in accessing SNPs’ functional impact among 
different maize inbreds. Of 2,875 putative LESs, 44% of them have an allele frequency 
greater than 0.8, most of which would lead to splice site disruptions. This might due to 
misannotation or unidentified alternative isoforms in other genotypes, a phenomenon 
observed in Arabidopsis (77). Of genes that are affected by LESs, only ~65% all of 
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whose isoforms are affected by LESs. This also indicates possible role of alternative 
splicing in compensating deleterious alleles among maize inbreds. Although it is 
reported in human that SNPs that only affected one isoforms of a gene may also have 
deleterious effects on that gene (58), it is still worth investigating whether it holds true 
in plants. The final set of 1,319 genes affected by LESs are found to be depleted in maize 
classical gene set, reflecting strong selective pressure against those alleles. It is possible 
that even in this filtered genes with LESs, some of them might be pseudogenes whose 
functions are abolished in some of genotypes (although still transcribed). Many large 
effect SNPs, such as those that disrupt alternative splice sites or introduce premature 
stop codons will reduce the stability of mRNA; consequently, this subset of large effect 
SNPs would be under-represented in our dataset. However, combination of RNA-seq 
data with DNA sequencing data will have better power of accessing large effect SNPs, as 
was demonstrated in Arabidopsis (77) and human (58).  
Tissue-specific effects of genomic variation on variation of expression levels  
Recent studies have demonstrated miRNA (78), transposons (79) and histone 
modification’s (80, 81) contribution to variation in gene expression levels among 
genotypes. SNPs and InDels’ contribution to expression variation had been extensively 
studied in many species (23, 82). There are also increasing evidences showing effects of 
copy number variation on phenotypes and gene expression (18, 43, 50). Several eQTL 
studies in maize have demonstrated both cis- and trans- regulation of gene expression 
variation (39, 83, 84). With our dataset, we have demonstrated that 62.4% of 
haplotypes had significant main effects on expression variation, reflecting cis-
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regulation. The causal variants that led to the expression changes could either be within 
or closely linked to the variants in genic regions. However, our method could not 
provide information about how haplotypes affected their flanking genes and trans-
targets, which could be important in understanding mechanisms of genetic variants 
contributing to phenotypes.  Consistent in reports of mammals (40), we found 90.3% of 
haplotypes had demonstrated significant tissue-specific cis-effects, indicating gene 
haplotypes modulated gene expression in a developmental specific way in plant. 
Compared with haplotypes, only 33.5% of CNVs contribute to gene expression. This 
percentage was also lower than what had been reported in human or mouse studies 
(40, 48, 85), either due to false positives in CNV calls, functional abolishment of gained 
copy gene or dosage compensation. Interestingly, we find 8.2% of CNVs with tissue-
specific effects on gene expression. To our knowledge, this was first genome-wide clue 
how CNVs control spatial patterns of gene expression. Similar with previous discoveries 
in mammals (38, 45-49), of those CNVs with significant main effects, 80% were 
positively correlated with gene expression, while the rest negatively correlated, which 
could due to copy number alternation of negative regulators (40). This was an 
important clue for CNV’s subfunctionalization on gene expression levels, as had been 
reported in sorghum (86). 
Method 
Tissue collection, library preparation and RNA sequencing  
Maize shoot apex, immature, unpollinated ears, immature tassels, and seedling 
shoots and roots of 27 NAM founders were collected for RNA extraction (Tab.S1). Ear 
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and tassel were harvested from greenhouse – green plant. Immature ear tips were 
harvested ~68 days after planting (depending on the maturity rate of each line). Ear 
sizes ranged from 0.5 inch to 3 inch, only the top 1/3 ~1/5 of each ear were collected. 
Tassels were harvested approximately at 60 days before emerging and mature. Maize 
shoot apexes were collected by pooling 3-6 ic of 14-day old seedlings of all NAM 
founders. Seedling were grown by planting 10 kernels of each line in germination paper 
which was rolled and placed in a tall plastic beaker filled with approximately 3 inches of 
tap water. Beaker were covered with “Cling-wrap” and placed in a dark 28oC incubator, 
for approximately 4-5 days, when shoots emerged from the germination paper. 2-3 
inches of the shoot and root were cut and frozen in liquid nitrogen for immediate 
homogenization and extraction. Samples from three plants of each inbred were pooled 
for homogenization. (Ms71’s ear data was from two immature and unpollinated ears 
grown in Curtiss farm.) 
All RNA extractions were performed with the Qiagen RNeasy kit Cat# 74904 
(50), according to manufacture protocol. RNA was eluted twice with 30 ul RNase free 
water. Indexed RNA-Seq libraries were prepared using the Illumina protocol outlined in 
“TruSeq RNA Sample Preparation Guide” (Part# 15008136 Rev. A, November 2010).  
Maize shoot apex RNA was sequenced with Illumina Genome Analyzer II instrument 
while ear, root, shoot and tassel RNA were sequenced with Illumina HiSeq 2000 
instrument.   
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RNA-seq reads processing and variant calling 
Prior to alignment to the reference genome, the nucleotides of each raw read 
were scanned for low quality bases and those with PHRED quality values < 15 (out of 
40) (87, 88) or an error rate of  0.03% were removed. Each read was examined in two 
phases. In the first phase reads were scanned starting at each end and nucleotides with 
quality values lower than the threshold were removed. The remaining nucleotides were 
then scanned using overlapping windows of 10 bp and sequences beyond the last 
window with average quality value less than the specified threshold were truncated. 
Same trimming parameters were from Lucy (a piece of trimming software) (89, 90). 
Trimmed reads were aligned to Maize B73 RefGen2 (5b.61) (91) using GSNAP (92) as 
paired-end fragments. If a pair of reads could not be aligned as a fragment, the two 
reads were treated as singleton mates for alignment. Confidently mapped paired-end 
and single-end reads were filtered if they mapped uniquely ( 2 mismatches every 36 
bp and less than 5 bases for every 75 bp as tails) and used for subsequent analyses. 
Alignment coordinates of confidently (uniquely) mapped reads within the same 
chromosomal regions were compared for potential read stacks caused by PCR artifacts 
during sequencing. If a stack consisting of 2 or more reads with identical start and end 
positions were detected, only a single read with best alignment score (least number of 
mismatches and least number of ambiguous bases) was selected for variant detection. 
To control intron size, reads/read pairs were further removed if the distance from the 
left base pair to right base pair was more than 12,000. Reads with non-canonical splice 
sites were also removed. 
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Genetic variants were called through our variant discovery pipeline (83). SnpEff 
(93) (version 2.0.5) was used to annotate SNPs/InDels. VCFtools (94) (version 0.1.9) 
were used to merge and sort SNP/InDels across genotypes. To avoid false gene 
annotations and pseudogenes, only 19,947 genes (26,883 transcripts) with cDNA and a 
good CDS model from 39,656 B73 filtered-gene set was used to perform the annotation.  
Discovery and annotation of expression variable/stable genes 
Unlike microarray data, read counts were discrete and usually demonstrated 
correlation between mean and variance (95). Proper models techniques and summary 
statistics were essential to evaluate expression variation. To establish a liable 
measurement of gene expression variation, we first evaluate between two popular 
models, Poisson and Negative Binomial model (96, 97), for their appropriateness on our 
data. A model selection procedure was performed to compare Aiken Information 
Criteria (AIC) of Poisson vs. Negative Binomial model for each gene’s expression 
distribution. Comparison was implemented with functions from R MASS package. For 
most of the genes, Negative Binomial model out-performed Poisson in modeling their 
expression distributions (Fig.S6A-C). The AICs of negative binomial models were 
usually several orders of magnitudes smaller than those of Poisson models (Fig.S6A,B), 
indicating their competency in handling model complexity versus information loss. 
To eliminate ascertainment bias between expression level and expression 
variability, Pearson correlations were calibrated (Fig.S7) among expression level and 
various summary statistics, including over-dispersion parameter of Poisson model (98), 
mean coefficient of variance based on Poisson model, deviance of Negative Binomial 
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model (96) and over-dispersion parameter of quasi-Negative Binomial model (98). R 
package edgeR and QuasiSeq were used to estimate dispersion parameters and over-
dispersion parameters of quasi-Negative Binomial GLMs. Full models were fitted when 
comparing Poisson, Negative Binomial and quasi-Negative Binomial GLMs, as follows: 
 𝑙𝑜𝑔(𝜆𝑖𝑗𝑘) = 𝜇 + 𝛼𝑖 + 𝛽𝑗 + 𝑜𝑖𝑗𝑘 
where 𝜆𝑖𝑗𝑘 was mean fragment counts for genotype i, tissue j and observation k, 
𝜇 was the overall mean effect, 𝛼𝑖 was genotypes effect, 𝛽𝑗  was tissue effect and 𝑜𝑖𝑗𝑘 was 
the offset for genotype i, tissue j and observation k.   
Of those four parameters, over-dispersion parameter of quasi-Negative Binomial 
model, which measured the deviation of a gene’s read counts from the Negative 
Binomial distribution, had least correlation with expression level, and was thus used to 
measure expression variability (Fig.S7). Overdispersion parameter Φ of Quasi-Negative 
Binomial GLMs was calculated where 
Φ =
𝑉𝑎𝑟(𝑌)
𝜅𝐸(𝑌)2 + 𝐸(𝑌)
 
Y is fragment counts for a gene, Var(Y) and E(Y) are the variance and expectation 
of Y respectively, and 𝜅 is dispersion parameter of negative binomial GLMs. Tissue-wise 
dispersion parameters were estimated with genotype as the only factor in the model, 
while genotype-wise dispersion parameters were estimated treating with tissue as the 
only factor in the model. Total 29,608 genes with mean read counts ≥ 5 and numbers of 
samples with zero read counts ≤ 2 were included in the analysis. Z-score normalization 
was performed against log transformed over-dispersion parameters, where  
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Z =
log(Φ) − 𝐸(log(Φ))
√𝑉𝑎𝑟(log(Φ))
 
Upper and lower 0.025 quantiles of transformed normalized distributions were 
used to define highly variable and highly stable genes. Mapman annotation of maize 
filter gene sets (5b.61) was used to perform functional enrichment tests (99). Fisher-
exact test was performed with Benjamini-Hochberg method controlling false discovery 
rates (FDRs).  
Classification and differential expression of gene haplotypes  
SNPs in coding region of maize B73 canonical transcripts were used to identify 
gene haplotypes.  An algorithm was developed to cope with missing values in SNP 
calling, in which firstly missing values were treated as a SNP, and then principle of 
incompatibility was used to reduce the false-positive rate of haplotypes, i.e., two 
haplotypes that differed only due to missing values were grouped into one. For a small 
proportion of genes with many missing values which did not have unique haplotype 
classifications, an ad hoc approach was employed, i.e., if a haplotype was compatible 
with two others due to multiple missing values, it would be grouped to the haplotypes 
with more SNPs. Negative Binomial GLMs were employed to investigate main effects of 
haplotype, tissue and haplotype-by-tissue interaction on gene expression.  
 𝑙𝑜𝑔(𝜆𝑖𝑗𝑘) = 𝜇 + 𝛼𝑖 + 𝛽𝑗 + 𝜏𝑖𝑗 + 𝑜𝑖𝑗𝑘   
where 𝜆𝑖𝑗𝑘 was mean fragment counts for haplotype i, tissue j and observation k, 
𝜇 was the overall mean effect, 𝛼𝑖 was haplotypes effect,  𝛽𝑗  was tissue effect and 𝜏𝑖𝑗 was 
haplotype by tissue effect and 𝑜𝑖𝑗𝑘 was the offset. Log of 0.75 quantile of fragment 
counts distribution was used as the offset. Genmod function of SAS 9.3 was used in 
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parameter estimations of negative binomial GLMs. Type III analysis was performed to 
test effects of haplotype, tissue and haplotype-by-tissue interactions on gene 
expression. To avoid non-convergence issues due to zero read counts, only 24,690 
genes with mean read counts > 10 and number of samples with positive read counts > 
40 were used in the modeling.  
CNV, tissue main effects and CNV-by-tissue interactions on gene expression  
CNV genes in NAM founders (only 11 lines were available) were derived from 
published data (69). To remove possible PAV genes from CNV genes, only 1,472 genes 
(out of 3,445 genes) with positive read counts were kept in the analysis. All of those 
CNV genes were with mean read counts > 10, and were thus included in the analysis. 4 
of those 1,468 genes did not converge during the modeling process. CNV, tissue’s main 
effects and CNV-by-tissue interaction on gene expression were modeled as same as 
those of haplotypes,  
 𝑙𝑜𝑔(𝜆𝑖𝑗𝑘) = 𝜇 + 𝛼𝑖 + 𝛽𝑗 + 𝜏𝑖𝑗 + 𝑜𝑖𝑗𝑘   
where 𝜆𝑖𝑗𝑘 was mean fragment counts for CNV i, tissue j and observation k, 𝜇 was 
the overall mean effect, 𝛼𝑖 was CNV effect,  𝛽𝑗  was tissue effect and 𝜏𝑖𝑗 was CNV by 
tissue effect and 𝑜𝑖𝑗𝑘 was the offset. Benjamini-Hochberg method was used to control 
false discovery rate. Estimated 𝛼𝑖 was used to determine direction of the CNV effects on 
gene expression (either positively or negatively).  
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Data Access 
All raw data has been submitted to the NCBI Sequence Reads Archives (SRA) 
(http://www.ncbi.nlm.nih.gov/sra) under accession numbers SRA050451 (apex) and 
SRA050790 (ear, root, shoot, and tassel). 
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 Figures 
 
Fig.1: Variant discovery and annotation 
A:  Comparison among HapMap1, HapMap2 and RNA-seq variants. 
B:  Reference allele frequency spectrum. 
C:  Allele frequency of large effect SNPs.   
D: Large effect SNP categories in different allele frequency ranges.  
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Fig.2: Identification and functional enrichment of G-VE and G-SE genes 
A: Histogram of expression variation across genotypes, dash line corresponds to upper 
and lower 2.5% percentiles of the distribution 
B, C: Functional enrichment of G-VE and G-SE genes, blue/red color stands for 
enrichment or depletion in corresponding categories 
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Fig.3: Identification and functional enrichment of T-VE and T-SE genes 
A: Histogram of expression variation across tissues, dash line correspond to upper and 
lower 2.5% percentiles of the distribution 
B, C: Functional enrichment of T-VE and T-SE genes, blue/red color stands for 
enrichment or depletion in corresponding categories  
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Fig.4: Gene haplotype classification and contribution to gene expression 
A: Gene haplotype frequency distribution. 
B: Venn Diagram of genes with significant haplotype, tissue and haplotype by tissue 
interactions 
C: Venn Diagrams of genes with significant CNV, tissue and CNV by tissue interactions 
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Supplemental Figures 
 
Fig.S1: Summary statistics of genetic variants. 
A: Allele missing rate distribution across variant sites. 
B: Minor allele frequency 
C: Allele missing rate distribution across sites with large effect SNPs. 
D: Distribution of stop gain across physical length of transcripts. 
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Fig.S2: Expression level distributions between G-SE genes with and without deleterious 
alleles 
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Fig.S3: Scatterplot of genotype-wise and tissue-wise expression dispersion. 
Different color stands for expression level, with blue the lowest and red the highest; red 
dash line is the diagonal, blue dash lines corresponded to upper and lower 2.5% 
percentiles. Red and green subpanels are density plots of dispersions across genotype 
and tissues, respectively. 
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Fig.S4: Distribution of haplotype missing rate 
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Fig.S5A-F: Q-value distributions for haplotype (CNV), tissue and haplotype (CNV)-by-tissue interactions: red dash line is the 5% 
FDR cutoff 
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Fig.S6: Model selection: compare Poisson vs. Negative Binomial distributions 
A, B: Distribution of AIC differences between Poisson and Negative Binomial Models 
across genotypes and tissues 
C:Percentage of genes with Negative Binomial model a better model 
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Fig.S7: Parameter selection for expression variation measurements 
A: Pairwise correlation between expression level (fpkm), overdispersion parameter of Poisson, Coefficient of Variation, 
dispersion of Negative Binomial models and overdispersion parameters of Negative Binomial models across genotypes  
B: Pairwise correlation between expression level (fpkm), overdispersion parameter of Poisson, Coefficient of Variation, 
dispersion of Negative Binomial models and overdispersion parameters of Negative Binomial models across tissues 
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Supplemental Tables 
Tab.S1: Summary of RNA-seq processing  
Genotype 
Tissue 
Read 
Length 
#  of Raw #  after triming #  of aligned frags 
#  of uniquely 
aligned frags 
# of nonstacking frags 
# of frags with mapped 
length >=1.2 kb 
# of frags with 
undetermined 
splice site 
# of other reads 
PE. Frags. Sing. PE. Frags. Sing. PE. Frags. Sing. PE. Frags. Sing. PE. Frags. Sing. PE. Frags. Sing. PE. Frags. Sing. New Sing. 
chimeric  
PE Frags 
B73 apex 76 0 30,674,152 0 29,800,296 0 13,437,436 0 11,998,103 0 9,628,935 0 5,542 0 0 0 0 
B73 ear 101 29,645,539 0 26,588,836 1,038,599 21,140,304 5,306,649 20,317,062 5,074,530 7,882,596 2,703,401 39,619 4,534 2,332 0 2,332 9,638 
B73 root 101 26,346,272 0 23,714,272 864,241 18,904,394 4,568,421 18,273,500 4,381,043 15,038,570 3,234,995 69,230 5,187 3,136 0 3,136 21,688 
B73 shoot 101 24,696,725 0 21,926,968 956,368 17,337,045 4,602,722 16,688,290 4,426,618 12,778,752 3,073,579 65,082 5,075 4,035 0 4,035 15,007 
B73 tassel 101 23,607,132 0 21,026,158 1,173,910 16,639,863 4,112,916 15,995,555 3,937,680 8,003,309 2,271,782 44,585 3,206 1,579 0 1,579 6,144 
B97 apex 76 0 27,299,903 0 26,264,740 0 12,702,923 0 11,426,014 0 9,625,744 0 7,168 0 0 0 0 
B97 ear 101 18,239,276 0 16,555,436 681,006 12,185,361 3,877,487 11,655,880 3,670,932 8,375,875 2,556,769 48,675 4,230 2,951 0 2,951 26,120 
B97 root 101 25,488,003 0 18,003,838 884,766 12,587,427 3,965,983 12,118,562 3,782,554 9,008,685 2,656,077 51,547 4,289 3,233 0 3,233 11,391 
B97 shoot 101 26,744,051 0 21,527,498 995,489 15,646,830 4,876,959 14,939,338 4,634,945 6,586,543 2,630,028 34,042 3,153 2,122 0 2,122 10,457 
B97 tassel 101 29,354,763 0 26,373,780 1,141,216 19,964,094 5,634,999 19,079,432 5,358,653 11,520,054 3,402,468 68,676 5,087 2,946 0 2,946 8,624 
CML103 apex 76 0 21,199,050 0 20,657,164 0 9,177,834 0 8,237,324 0 7,023,882 0 4,603 0 0 0 0 
CML103 ear 101 26,358,175 0 23,498,541 1,304,797 17,303,906 4,565,454 16,602,006 4,354,015 8,904,552 2,383,702 58,684 3,788 2,738 0 2,738 4,773 
CML103 root 101 25,743,306 0 19,837,508 1,014,522 13,930,494 4,542,533 13,358,747 4,308,772 9,672,139 2,983,528 61,896 4,818 3,239 0 3,239 17,405 
CML103 shoot 101 23,598,599 0 20,271,349 1,022,960 14,800,795 4,645,544 14,242,538 4,426,314 4,477,723 2,337,119 23,615 2,872 1,192 0 1,192 10,127 
CML103 tassel 101 26,650,791 0 23,319,536 1,137,193 17,354,206 5,396,434 16,558,744 5,122,582 9,252,520 3,119,506 48,786 4,106 2,549 0 2,549 10,729 
CML228 apex 76 0 13,533,836 0 13,113,938 0 7,972,633 0 7,037,350 0 6,043,935 0 4,181 0 0 0 0 
CML228 ear 101 27,020,600 0 23,323,929 696,881 17,695,853 4,549,059 16,514,432 4,288,604 9,835,939 2,509,364 72,830 4,124 2,670 0 2,670 5,354 
CML228 root 101 27,358,041 0 23,569,439 1,098,743 17,569,790 5,245,079 16,759,818 4,953,873 12,681,605 3,541,495 76,138 5,428 3,635 0 3,635 17,359 
CML228 shoot 101 26,301,690 0 23,574,287 1,005,390 17,261,524 5,551,803 16,378,439 5,268,856 12,626,188 3,645,610 79,084 5,702 4,558 0 4,558 23,418 
CML228 tassel 101 24,590,006 0 21,935,993 953,870 16,098,551 5,166,320 15,380,959 4,917,916 12,804,141 3,684,002 79,831 5,925 4,484 0 4,484 26,749 
CML247 apex 76 0 29,305,872 0 28,564,479 0 14,768,878 0 13,090,852 0 10,410,196 0 8,258 0 0 0 0 
CML247 ear 101 29,489,145 0 27,258,889 707,450 20,606,600 5,268,049 19,701,603 5,021,644 11,495,627 2,809,244 85,374 5,146 3,505 0 3,505 4,710 
CML247 root 101 25,658,069 0 21,826,964 1,113,626 15,675,754 5,095,875 15,000,642 4,817,792 11,616,497 3,468,091 76,313 5,471 3,794 0 3,794 21,766 
CML247 shoot 101 28,257,088 0 24,590,477 1,086,039 18,102,086 5,257,662 17,283,981 4,964,561 12,960,622 3,448,853 85,496 5,075 3,431 0 3,431 11,559 
CML247 tassel 101 28,902,457 0 26,141,644 1,080,017 18,731,947 6,068,608 17,946,387 5,764,255 7,545,600 3,072,406 44,233 4,959 2,846 0 2,846 9,993 
CML277 apex 76 0 34,440,295 0 33,481,919 0 14,930,050 0 13,350,914 0 11,007,463 0 7,823 0 0 0 0 
CML277 ear 101 26,304,811 0 23,765,019 817,130 17,596,455 5,331,409 16,877,627 5,067,560 14,060,230 3,653,743 84,603 6,325 5,025 0 5,025 34,984 
CML277 root 101 33,383,182 0 25,317,737 1,027,745 16,950,862 5,380,732 16,245,888 5,100,510 12,064,971 3,403,407 91,169 6,366 4,515 0 4,515 17,991 
CML277 shoot 101 26,487,612 0 21,127,588 922,679 15,132,592 4,632,499 14,522,953 4,415,211 10,660,252 2,969,717 73,946 4,496 3,498 0 3,498 10,933 
CML277 tassel 101 18,592,088 0 16,461,697 967,224 12,155,125 3,834,586 11,623,245 3,636,941 5,816,598 2,204,314 32,972 3,226 1,747 0 1,747 6,872 
CML322 apex 76 0 25,385,475 0 24,730,605 0 8,818,697 0 7,851,528 0 6,880,541 0 4,903 0 0 0 0 
CML322 ear 101 28,968,993 0 26,526,352 796,847 19,795,318 5,663,144 18,951,290 5,387,668 9,484,887 2,814,260 61,356 5,076 3,796 0 3,796 10,625 
CML322 root 101 22,695,614 0 18,137,559 904,149 12,965,093 4,148,543 12,472,596 3,948,084 9,221,410 2,861,382 52,001 4,314 2,890 0 2,890 13,633 
CML322 shoot 101 26,383,709 0 23,698,979 954,141 17,528,424 5,308,946 16,792,855 5,045,636 13,164,903 3,561,634 80,790 5,359 4,367 0 4,367 19,515 
CML322 tassel 101 23,688,011 0 21,069,165 962,849 15,458,347 4,958,556 14,651,254 4,681,986 4,955,076 2,275,332 32,072 3,468 1,704 0 1,704 9,438 
CML333 apex 76 0 24,667,272 0 24,087,976 0 14,224,147 0 12,679,926 0 10,042,531 0 7,453 0 0 0 0 
CML333 ear 101 25,755,619 0 23,165,245 703,501 17,489,360 4,696,536 16,653,312 4,455,216 8,590,157 2,395,737 59,776 4,366 2,727 0 2,727 5,381 
CML333 root 101 30,531,850 0 27,402,735 712,777 19,947,828 5,813,417 19,040,240 5,498,037 14,275,459 3,798,505 90,559 6,709 4,224 0 4,224 13,606 
CML333 shoot 101 25,735,516 0 23,286,118 697,702 17,201,816 4,855,818 16,393,194 4,594,409 7,761,986 2,529,596 48,595 4,070 2,167 0 2,167 9,321 
CML333 tassel 101 24,164,003 0 21,607,946 1,017,199 15,918,098 5,083,607 15,242,452 4,837,026 8,509,222 2,966,537 47,096 4,374 2,615 0 2,615 14,864 
CML52 apex 76 0 29,403,896 0 28,561,944 0 15,497,218 0 13,823,212 0 11,098,946 0 8,672 0 0 0 0 
CML52 ear 101 29,907,795 0 26,204,853 750,240 19,582,544 5,324,049 18,515,966 5,032,151 6,408,358 2,097,200 42,865 3,620 2,305 0 2,305 4,199 
CML52 root 101 24,764,800 0 23,078,177 514,227 17,397,002 4,634,381 16,710,782 4,409,098 11,559,460 2,879,562 69,140 4,447 3,412 0 3,412 16,693 
CML52 shoot 101 28,622,597 0 24,390,652 1,024,676 17,721,995 5,492,573 17,031,940 5,248,442 12,691,108 3,579,280 78,596 5,519 4,206 0 4,206 16,046 
CML52 tassel 101 30,769,489 0 24,643,281 1,046,470 18,067,747 5,824,292 16,867,885 5,446,479 12,761,088 3,790,030 81,818 6,339 4,854 0 4,854 18,957 
CML69 apex 76 0 30,031,660 0 29,277,182 0 13,312,067 0 11,796,704 0 9,496,837 0 6,672 0 0 0 0 
CML69 ear 101 25,491,781 0 22,831,802 1,205,616 16,834,289 4,942,732 16,186,029 4,719,759 9,286,921 2,767,605 61,780 4,349 3,233 0 3,233 7,121 
CML69 root 101 26,449,312 0 20,427,998 740,430 14,645,106 4,665,279 14,014,236 4,426,739 11,151,327 3,147,081 79,047 5,477 3,796 0 3,796 15,582 
CML69 shoot 101 27,300,911 0 24,127,679 939,515 17,663,977 5,411,692 16,867,626 5,126,100 11,694,254 3,401,123 75,937 5,425 3,863 0 3,863 14,934 
CML69 tassel 101 25,837,517 0 23,042,750 975,732 17,086,460 5,269,170 16,392,143 5,027,467 12,958,047 3,554,251 74,786 5,426 4,068 0 4,068 19,910 
HP301 apex 76 0 27,338,367 0 26,608,863 0 11,372,078 0 10,154,373 0 8,650,087 0 6,475 0 0 0 0 
Hp301 ear 101 27,543,275 0 24,585,298 1,033,050 18,315,926 5,547,619 17,625,422 5,277,049 14,220,307 3,753,486 84,556 6,219 5,513 0 5,513 20,028 
Hp301 root 101 25,047,760 0 19,785,393 737,916 13,998,032 4,352,034 13,343,463 4,112,500 10,197,298 2,895,614 61,774 4,307 3,277 0 3,277 19,934 
Hp301 shoot 101 26,687,078 0 21,180,883 1,083,318 15,040,927 4,687,728 14,354,483 4,449,111 10,711,699 3,084,462 65,508 4,184 3,318 0 3,318 13,354 
Hp301 tassel 101 24,176,243 0 21,598,797 1,027,255 15,843,439 5,145,137 15,145,049 4,879,789 12,528,872 3,639,476 71,998 5,416 3,925 0 3,925 25,076 
IL14H apex 76 0 30,421,047 0 29,693,384 0 14,672,801 0 13,083,273 0 10,473,575 0 8,014 0 0 0 0 
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Tab.S1 continued: 
IL14H ear 101 27,147,172 0 23,153,474 913,004 17,389,347 5,033,280 16,386,833 4,730,246 10,273,814 3,066,076 69,904 5,275 3,229 0 3,229 10,648 
IL14H root 101 26,830,164 0 23,774,009 884,451 17,341,266 5,461,685 16,633,473 5,188,241 12,929,197 3,644,094 74,630 5,367 4,786 0 4,786 21,252 
IL14H shoot 101 25,983,397 0 23,136,579 915,002 17,069,517 5,312,986 16,357,112 5,055,355 11,624,747 3,354,935 69,950 5,418 5,001 0 5,001 16,560 
IL14H tassel 101 24,991,574 0 22,413,047 992,011 16,615,944 5,033,833 15,777,488 4,765,726 6,369,591 2,499,246 41,679 3,630 1,815 0 1,815 8,340 
Ki11 apex 76 0 14,167,000 0 13,565,607 0 6,611,759 0 5,931,310 0 5,125,269 0 3,372 0 0 0 0 
Ki11 ear 101 25,758,378 0 23,175,860 863,370 17,473,517 4,905,745 16,731,443 4,665,710 11,177,337 3,166,435 71,687 5,337 3,427 0 3,427 10,510 
Ki11 root 101 27,132,796 0 24,597,314 857,279 18,609,455 4,842,229 17,908,643 4,602,413 11,484,612 2,839,886 64,891 3,667 2,797 0 2,797 12,687 
Ki11 shoot 101 29,216,874 0 25,611,717 1,062,224 18,948,780 5,783,768 18,230,152 5,523,811 11,877,898 3,551,329 80,726 5,017 3,899 0 3,899 13,968 
Ki11 tassel 101 27,157,937 0 23,849,284 899,444 17,544,377 5,560,920 16,716,950 5,274,790 13,292,562 3,761,035 75,652 5,789 4,137 0 4,137 29,968 
Ki3 apex 76 0 29,308,438 0 28,444,730 0 13,027,006 0 11,587,146 0 9,221,377 0 6,323 0 0 0 0 
Ki3 ear 101 27,212,835 0 23,627,131 952,009 17,758,007 5,062,499 16,945,107 4,801,388 8,976,605 2,921,026 55,149 4,240 2,723 0 2,723 7,067 
Ki3 root 101 30,627,056 0 26,803,848 832,353 19,397,127 5,243,093 18,430,943 4,943,201 12,796,086 3,214,034 70,972 4,105 2,960 0 2,960 10,694 
Ki3 shoot 101 25,089,527 0 22,559,212 884,648 16,589,642 5,203,787 15,942,178 4,957,918 12,367,161 3,454,627 76,553 6,061 4,931 0 4,931 20,452 
Ki3 tassel 101 27,351,510 0 24,323,956 1,129,744 18,053,190 5,503,324 17,249,819 5,229,714 7,439,926 2,775,574 39,860 3,847 1,968 0 1,968 8,617 
Ky21 apex 76 0 26,323,994 0 25,421,155 0 11,388,940 0 10,136,581 0 8,179,964 0 5,616 0 0 0 0 
Ky21 ear 101 26,206,707 0 23,451,928 901,828 17,499,190 5,206,175 16,800,545 4,961,839 13,304,112 3,495,438 77,830 6,003 4,713 0 4,713 24,055 
Ky21 root 101 25,484,783 0 22,782,206 807,586 16,583,337 5,063,562 15,850,358 4,802,156 12,491,396 3,407,110 73,971 5,510 4,222 0 4,222 16,342 
Ky21 shoot 101 27,024,074 0 24,518,999 854,951 17,979,355 5,636,682 17,354,630 5,391,219 13,207,776 3,585,366 80,224 6,350 6,053 0 6,053 20,045 
Ky21 tassel 101 28,893,506 0 25,288,339 1,460,939 18,596,111 6,147,011 17,795,740 5,834,272 8,183,143 3,375,404 42,292 4,464 2,536 0 2,536 15,808 
M162W apex 76 0 24,648,726 0 23,854,503 0 13,895,027 0 11,745,949 0 8,839,489 0 6,804 0 0 0 0 
M162W ear 101 26,585,210 0 23,679,904 889,839 17,880,573 4,935,730 17,129,669 4,693,203 12,948,788 3,369,276 89,717 5,650 4,070 0 4,070 9,371 
M162W root 101 23,253,787 0 20,043,806 765,280 14,643,502 4,563,263 14,086,072 4,346,067 11,237,244 3,071,787 69,099 4,893 3,999 0 3,999 18,505 
M162W shoot 101 26,056,036 0 23,010,789 930,012 17,089,635 5,194,026 16,217,581 4,888,034 11,738,193 3,376,342 76,670 6,071 3,906 0 3,906 15,338 
M162W tassel 101 28,260,557 0 24,560,993 1,086,659 18,292,457 5,560,480 17,338,581 5,247,718 10,460,333 3,250,263 64,207 5,015 2,943 0 2,943 11,847 
M37W apex 76 0 17,456,365 0 16,885,666 0 10,521,077 0 9,274,278 0 7,439,405 0 5,576 0 0 0 0 
M37W ear 101 23,079,683 0 20,694,393 720,221 15,433,549 4,464,421 14,830,552 4,255,152 10,348,975 2,904,244 63,571 4,767 3,328 0 3,328 10,869 
M37W root 101 26,417,073 0 22,432,085 879,512 16,066,214 5,073,469 15,455,243 4,839,331 11,608,911 3,332,483 66,939 5,077 3,631 0 3,631 18,108 
M37W shoot 101 23,375,070 0 19,792,835 917,491 14,586,756 4,477,961 13,744,800 4,240,015 10,105,904 3,052,363 59,512 4,875 3,594 0 3,594 13,863 
M37W tassel 101 23,716,990 0 21,561,296 761,039 15,633,062 5,130,077 15,015,769 4,887,545 11,500,001 3,406,995 65,713 5,638 3,873 0 3,873 21,258 
Mo17 apex 76 0 28,783,507 0 28,000,683 0 17,536,722 0 15,584,138 0 11,582,517 0 9,259 0 0 0 0 
Mo17 ear 101 25,576,521 0 23,349,108 715,890 17,400,204 5,130,046 16,739,134 4,896,911 13,192,205 3,373,775 80,904 6,090 5,312 0 5,312 17,539 
Mo17 root 101 27,357,945 0 24,551,309 799,975 17,760,577 5,264,773 17,035,054 5,006,159 13,270,644 3,410,192 76,213 5,625 4,208 0 4,208 17,306 
Mo17 shoot 101 24,530,239 0 22,239,554 763,948 16,434,819 4,807,993 15,748,497 4,570,953 11,232,136 3,104,509 70,236 5,139 3,584 0 3,584 12,763 
Mo17 tassel 101 24,684,047 0 22,195,251 862,069 16,409,922 5,226,567 15,597,498 4,960,628 11,807,681 3,502,201 77,690 6,079 3,866 0 3,866 23,957 
Mo18W apex 76 0 23,249,054 0 22,432,280 0 13,937,083 0 12,416,883 0 10,057,418 0 7,131 0 0 0 0 
Mo18W ear 101 18,541,833 0 16,595,703 869,097 12,212,060 3,480,896 11,728,985 3,314,991 6,187,510 1,961,300 38,562 3,289 2,101 0 2,101 4,963 
Mo18W root 101 26,229,841 0 22,159,247 748,487 15,520,006 4,524,053 14,841,492 4,284,116 11,713,075 2,954,535 71,456 4,959 3,568 0 3,568 12,191 
Mo18W shoot 101 26,652,112 0 21,570,782 933,846 14,670,185 4,536,483 14,030,705 4,276,971 9,806,839 2,846,709 61,813 4,666 3,040 0 3,040 14,516 
Mo18W tassel 101 18,267,361 0 16,133,251 939,504 11,909,810 3,721,712 11,393,064 3,532,866 4,894,327 1,951,771 23,996 2,539 1,294 0 1,294 5,470 
Ms71 apex 76 0 8,395,495 0 8,223,291 0 5,560,819 0 5,024,555 0 4,433,650 0 3,389 0 0 0 0 
Ms71 ear 101 36,617,493 0 11,556,619 1,079,966 9,527,168 2,194,570 5,506,194 1,528,607 5,055,831 3,667,721 51,980 2,366 987 0 987 22,361 
Ms71 root 101 36,250,290 0 32,798,555 1,098,934 24,330,377 7,159,059 23,431,353 6,855,607 16,644,486 4,184,830 99,352 6,141 6,308 0 6,308 18,270 
Ms71 shoot 101 35,399,003 0 31,560,722 1,047,165 23,164,893 7,042,743 22,303,568 6,734,791 15,939,289 4,115,473 99,489 6,633 6,576 0 6,576 17,361 
NC350 apex 76 0 16,100,432 0 15,736,429 0 10,292,118 0 9,268,856 0 6,769,115 0 3,928 0 0 0 0 
NC350 ear 101 23,960,064 0 21,844,401 659,449 15,978,425 4,770,057 15,229,921 4,503,806 5,528,183 1,204,246 33,817 4,207 2,067 0 2,067 9,922 
NC350 root 101 28,183,685 0 22,330,334 740,372 16,213,986 4,875,007 15,577,781 4,649,340 12,571,424 3,173,636 82,355 4,662 4,092 0 4,092 15,749 
NC350 shoot 101 24,220,586 0 20,897,588 1,035,387 15,292,572 5,012,353 14,691,195 4,771,789 11,397,050 3,371,021 74,209 5,460 4,399 0 4,399 18,343 
NC350 tassel 101 23,884,252 0 21,751,447 726,473 15,803,835 5,109,533 15,122,115 4,866,515 12,375,560 3,530,553 82,062 6,059 4,410 0 4,410 34,496 
NC358 apex 76 0 17,094,119 0 16,301,225 0 11,326,032 0 10,044,768 0 8,273,423 0 5,279 0 0 0 0 
NC358 ear 101 24,074,946 0 22,079,988 770,700 16,400,239 4,854,517 15,723,177 4,614,122 7,121,395 2,168,516 45,055 4,809 3,301 0 3,301 8,215 
NC358 root 101 24,401,094 0 18,849,521 516,406 13,386,871 3,966,024 12,872,196 3,777,336 9,957,415 2,580,576 61,916 4,256 3,427 0 3,427 12,379 
NC358 shoot 101 27,857,589 0 23,439,426 1,103,853 17,168,347 5,400,659 16,521,655 5,151,809 12,781,820 3,591,740 79,382 5,687 4,222 0 4,222 15,478 
NC358 tassel 101 24,285,702 0 21,427,088 1,058,824 15,705,749 5,129,218 14,997,450 4,869,912 7,432,737 2,902,553 45,674 4,330 2,263 0 2,263 16,223 
Oh43 apex 76 0 17,042,806 0 16,299,737 0 11,803,945 0 10,552,192 0 7,967,118 0 3,862 0 0 0 0 
Oh43 ear 101 26,469,328 0 23,370,056 607,428 17,228,189 5,386,604 16,500,224 5,108,234 11,625,175 2,468,067 71,271 6,097 4,675 0 4,675 9,895 
Oh43 root 101 25,667,086 0 23,586,086 623,647 18,030,272 4,507,057 17,345,609 4,299,751 12,427,454 2,843,552 76,357 3,781 2,497 0 2,497 8,771 
Oh43 shoot 101 26,305,257 0 18,867,676 1,006,633 14,010,871 4,314,961 13,029,656 3,966,799 9,950,912 2,874,482 62,103 4,584 2,921 0 2,921 11,176 
Oh43 tassel 101 27,755,458 0 25,345,992 885,008 18,771,039 5,445,922 17,815,220 5,163,779 10,261,026 3,052,348 73,236 5,330 3,096 0 3,096 9,376 
Oh7B apex 76 0 26,022,843 0 25,260,688 0 12,322,914 0 11,062,238 0 9,325,880 0 6,065 0 0 0 0 
Oh7B ear 101 24,269,080 0 21,902,437 1,042,001 16,690,051 4,637,914 15,938,731 4,391,791 12,996,141 3,539,818 83,045 5,893 4,376 0 4,376 22,639 
Oh7B root 101 26,476,304 0 20,375,257 788,226 14,655,824 4,307,959 14,093,458 4,097,721 11,226,561 2,992,692 68,646 4,589 3,157 0 3,157 10,932 
Oh7B shoot 101 26,995,744 0 23,024,512 1,271,752 17,033,328 5,479,561 16,410,139 5,218,654 11,515,936 3,661,443 67,845 5,733 3,726 0 3,726 21,992 
Oh7B tassel 101 25,915,204 0 23,191,955 1,018,527 17,067,049 5,556,266 16,355,522 5,271,379 12,498,623 3,786,587 75,760 6,503 4,186 0 4,186 28,510 
P39 apex 76 0 18,423,229 0 17,900,720 0 10,929,505 0 9,610,149 0 8,022,157 0 5,832 0 0 0 0 
P39 ear 101 29,070,685 0 25,923,933 704,529 19,234,366 5,682,444 18,378,010 5,377,250 13,438,531 3,203,658 81,106 6,122 4,562 0 4,562 16,588 
P39 root 101 25,909,938 0 23,355,713 845,550 16,960,770 5,295,862 16,181,707 4,998,455 12,537,920 3,578,363 74,761 5,595 3,771 0 3,771 17,051 
P39 shoot 101 23,868,336 0 20,809,478 1,185,494 15,418,658 5,030,730 14,583,209 4,730,698 11,530,875 3,527,946 67,089 5,178 3,408 0 3,408 23,506 
P39 tassel 101 26,692,108 0 23,956,340 972,355 17,817,387 5,368,060 16,993,072 5,082,220 10,104,816 3,310,162 58,288 4,893 2,799 0 2,799 12,874 
  
5
2
 
Tab.S1 continued: 
Tx303 apex 76 0 25,725,110 0 24,937,203 0 17,018,495 0 15,207,141 0 12,027,242 0 8,641 0 0 0 0 
Tx303 ear 101 26,955,289 0 24,039,976 985,098 18,026,829 5,219,047 17,228,532 4,944,812 12,431,556 3,708,660 79,299 5,734 3,773 0 3,773 15,897 
Tx303 root 101 25,692,410 0 20,744,819 720,065 14,670,862 4,485,254 14,139,544 4,281,664 11,446,340 3,109,322 72,176 4,360 3,424 0 3,424 13,120 
Tx303 shoot 101 29,584,739 0 25,991,376 1,346,579 19,192,669 6,257,021 18,507,193 5,969,151 13,019,571 4,055,934 81,164 6,498 5,241 0 5,241 22,970 
Tx303 tassel 101 23,768,374 0 21,257,636 932,860 15,529,662 5,100,285 14,902,050 4,844,274 12,207,348 3,581,538 73,558 5,878 4,156 0 4,156 38,949 
Tzi8 apex 76 0 32,160,865 0 30,968,265 0 18,646,996 0 16,500,667 0 13,593,906 0 10,574 0 0 0 0 
Tzi8 ear 101 27,251,207 0 24,175,179 916,086 17,852,861 5,412,496 17,098,140 5,145,151 13,240,706 3,467,576 93,326 6,440 4,628 0 4,628 13,417 
Tzi8 root 101 24,793,570 0 21,664,036 710,958 15,359,176 4,592,537 14,576,974 4,329,149 11,681,052 3,156,332 77,796 5,063 2,937 0 2,937 11,492 
Tzi8 shoot 101 27,304,928 0 23,676,416 1,241,460 17,385,123 5,627,715 16,583,703 5,332,240 13,712,067 3,884,076 86,542 6,190 4,507 0 4,507 21,011 
Tzi8 tassel 101 26,281,177 0 23,117,372 1,094,745 17,147,893 5,323,960 16,359,479 5,044,027 8,094,649 3,048,081 44,211 4,263 2,490 0 2,490 13,423 
Total 
  
2,820,192,815 648,602,808 2,436,878,186 728,124,385 1,796,320,420 874,646,159 1,714,358,732 809,665,023 1,160,402,605 577,117,817 7,161,614 706,253 377,916 0 377,916 1,639,271 
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Tab.S2: Summary of SNPs and InDels discovered via RNA sequencing 
Genotype 
Total Polymorphisms 
Polymorphisms in  
Filter Gene Set (FGS) 
% FGS 
variants 
SNP InDels SNP+InDels SNP InDels SNP+InDels 
B97 686,863 84,318 771,181 448,557 62,979 511,536 66.3% 
CML103 713,894 87,352 801,246 470,653 65,702 536,355 66.9% 
CML322 840,670 96,281 936,951 505,448 68,667 574,115 61.3% 
CML52 831,086 103,547 934,633 540,984 77,247 618,231 66.1% 
CML333 842,011 104,442 946,453 556,788 79,552 636,340 67.2% 
CML247 770,022 94,981 865,003 509,540 71,393 580,933 67.2% 
CML228 823,603 101,871 925,474 528,770 75,352 604,122 65.3% 
CML277 797,776 100,568 898,344 524,336 75,374 599,710 66.8% 
CML69 799,886 98,522 898,408 518,266 73,601 591,867 65.9% 
Hp301 786,085 96,676 882,761 508,446 72,303 580,749 65.8% 
Ki11 772,796 95,252 868,048 511,589 71,817 583,406 67.2% 
IL14H 742,880 84,785 827,665 444,832 59,607 504,439 60.9% 
M162W 779,023 96,651 875,674 505,786 71,911 577,697 66.0% 
Ki3 769,946 94,565 864,511 493,009 69,962 562,971 65.1% 
Ky21 757,398 84,361 841,759 425,605 57,470 483,075 57.4% 
M37W 767,898 91,041 858,939 488,110 67,096 555,206 64.6% 
Ms71 781,291 91,956 873,247 480,275 66,152 546,427 62.6% 
Mo18W 743,016 91,277 834,293 486,792 68,546 555,338 66.6% 
Mo17 597,485 71,706 669,191 402,804 54,872 457,676 68.4% 
Oh43 787,043 93,568 880,611 497,175 68,210 565,385 64.2% 
NC358 750,630 93,025 843,655 494,877 70,173 565,050 67.0% 
NC350 685,351 77,955 763,306 400,103 54,079 454,182 59.5% 
Oh7B 767,918 93,945 861,863 484,916 69,126 554,042 64.3% 
P39 878,767 109,678 988,445 562,621 81,032 643,653 65.1% 
Tx303 799,907 100,007 899,914 524,434 75,171 599,605 66.6% 
Tzi8 859,887 104,047 963,934 536,467 76,141 612,608 63.6% 
Average 774,351 93,938 868,289 494,276 69,367 563,643 64.9% 
Union 4,487,257 746,819 5,234,076 2,399,368 453,084 2,852,452 54.5% 
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Tab.S3A: Concordance rate between RNA-seq SNPs and HapMap1 SNPs 
Genotype 
HapMap1 
SNPs 
RNA-seq  
SNPs 
Overlap 
SNPs 
HapMap1 
SNP sites 
RNA-seq  
SNP sites 
Overlapped 
SNP sites 
Concordance 
Rate 
B97 241,705 686,863 79,100 241,693 686,863 79,171 99.9% 
CML103 268,319 713,894 85,847 268,308 713,894 85,930 99.9% 
CML322 264,281 770,022 86,821 264,271 770,022 86,912 99.9% 
CML228 276,240 840,670 80,746 276,226 840,670 80,838 99.9% 
CML247 277,453 831,086 94,081 277,440 831,086 94,173 99.9% 
CML277 265,194 842,011 88,110 265,179 842,011 88,187 99.9% 
CML333 262,401 823,603 91,561 262,387 823,603 91,645 99.9% 
CML52 289,433 797,776 83,959 289,422 797,776 84,089 99.8% 
CML69 264,275 799,886 89,892 264,260 799,886 89,977 99.9% 
KI11 260,601 742,880 74,383 260,579 742,880 74,483 99.9% 
HP301 255,229 786,085 86,990 255,221 786,085 87,080 99.9% 
IL14H 253,826 772,796 85,701 253,818 772,796 85,782 99.9% 
KI3 272,228 779,023 92,840 272,209 779,023 92,925 99.9% 
KY21 227,416 769,946 79,830 227,404 769,946 79,906 99.9% 
M162W 265,104 757,398 73,770 265,087 757,398 73,855 99.9% 
MO18W 235,613 743,016 79,258 235,603 743,016 79,325 99.9% 
M37W 259,069 767,898 87,009 259,055 767,898 87,082 99.9% 
MO17 251,527 781,291 83,590 251,520 781,291 83,668 99.9% 
MS71 236,586 597,485 69,156 236,568 597,485 69,215 99.9% 
OH43 247,863 685,351 66,567 247,850 685,351 66,643 99.9% 
NC350 262,904 787,043 83,930 262,893 787,043 84,010 99.9% 
NC358 286,737 750,630 91,763 286,723 750,630 91,864 99.9% 
OH7B 234,200 767,918 82,100 234,188 767,918 82,163 99.9% 
P39 272,476 878,767 98,731 272,461 878,767 98,836 99.9% 
TX303 244,884 799,907 82,753 244,869 799,907 82,855 99.9% 
TZI8 236,384 859,887 85,255 236,371 859,887 85,338 99.9% 
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Tab.S3B: Concordance rate between RNA-seq SNPs and HapMap2 SNPs 
Genotype 
HapMap2 
SNPs 
RNA-seq 
SNPs 
Overlap 
SNPs 
HapMap2 
SNP sites 
RNA-seq  
SNP sites 
Overlapped 
SNP sites 
Concordance 
Rate 
B97 3,556,493 686,863 176,641 3,547,955 686,863 179,938 98.2% 
CML103 3,108,275 713,894 169,531 3,102,550 713,894 172,724 98.2% 
CML322 2,985,660 840,670 150,661 2,980,272 840,670 163,152 92.3% 
CML228 2,532,160 831,086 165,427 2,528,220 831,086 171,356 96.5% 
CML247 2,833,796 842,011 196,609 2,829,269 842,011 198,988 98.8% 
CML277 2,928,181 770,022 182,880 2,923,195 770,022 184,897 98.9% 
CML333 3,469,514 823,603 210,949 3,462,608 823,603 213,280 98.9% 
CML52 3,195,185 797,776 173,738 3,189,270 797,776 182,430 95.2% 
CML69 3,374,702 799,886 197,804 3,367,214 799,886 200,384 98.7% 
KI11 3,805,106 786,085 212,458 3,796,792 786,085 214,802 98.9% 
HP301 4,020,720 772,796 217,564 4,010,805 772,796 219,924 98.9% 
IL14H 3,174,195 742,880 145,301 3,169,272 742,880 150,690 96.4% 
KI3 3,711,003 779,023 208,469 3,703,814 779,023 210,415 99.1% 
KY21 2,803,913 769,946 172,549 2,798,618 769,946 174,859 98.7% 
M162W 3,378,041 757,398 127,127 3,371,908 757,398 137,583 92.4% 
MO18W 3,203,038 767,898 183,183 3,197,626 767,898 186,014 98.5% 
M37W 3,385,538 781,291 188,995 3,378,899 781,291 193,282 97.8% 
MO17 3,226,783 743,016 187,573 3,221,477 743,016 189,426 99.0% 
MS71 3,642,388 597,485 153,384 3,634,455 597,485 157,461 97.4% 
OH43 2,761,762 787,043 166,826 2,757,725 787,043 169,798 98.2% 
NC350 2,696,729 750,630 167,524 2,692,457 750,630 169,607 98.8% 
NC358 4,419,675 685,351 144,463 4,400,780 685,351 155,003 93.2% 
OH7B 3,127,977 767,918 184,725 3,120,640 767,918 187,384 98.6% 
P39 4,013,001 878,767 250,791 4,002,966 878,767 253,713 98.8% 
TX303 3,192,054 799,907 184,459 3,184,520 799,907 193,094 95.5% 
TZI8 2,535,577 859,887 175,280 2,532,847 859,887 178,163 98.4% 
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Tab.S3C. Concordance Rate between RNA-seq SNPs and Sequenom SNPs 
Genotype 
Sequenom 
SNPs 
RNA-seq 
SNPs 
Overlap 
SNPs 
Sequenom 
SNP sites 
RNA-seq 
SNP sites 
Overlapped 
SNP site 
Concordance 
Rate 
Mo17 813 782,436 549 813 782,436 549 100% 
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Tab.S4: Summary of transcripts and genes affected by large effect SNPs 
Genotype 
Before filtering Missing rate < 50% & allele frequency < 0.8 
# LESs 
 # genes w/  
at least 
 one isoform  
affected by  
LESs 
# genes w/  
all isoforms  
affected by  
LESs 
# LESs 
 # genes w/  
at least  
one isoform  
affected by  
LESs 
# genes w/  
all isoforms  
affected by 
 LESs 
B97 1,526 1,193 771 290 245 162 
CML103 1,517 1,208 770 313 268 167 
CML228 1,566 1,226 794 231 203 140 
CML322 1,592 1,248 790 292 250 159 
CML52 1,541 1,219 774 314 273 172 
CML333 1,588 1,252 812 287 249 164 
CML247 1,600 1,248 803 330 279 187 
CML277 1,556 1,246 809 314 271 184 
Ki11 1,641 1,286 834 327 281 192 
M162W 1,560 1,211 783 299 247 163 
CML69 1,616 1,235 791 308 249 151 
Hp301 1,537 1,200 790 247 206 144 
IL14H 1,558 1,221 784 301 254 159 
Ky21 1,586 1,231 809 260 224 160 
M37W 1,547 1,201 773 223 192 123 
Ki3 1,614 1,252 815 298 253 165 
Ms71 1,541 1,217 795 241 213 154 
Oh43 1,490 1,172 750 279 240 158 
Mo17 1,451 1,134 727 248 213 135 
Mo18W 1,563 1,224 787 296 247 161 
NC350 1,573 1,232 795 331 269 172 
NC358 1,454 1,137 734 183 158 105 
Oh7B 1,555 1,214 780 271 230 154 
P39 1,605 1,242 803 339 272 172 
Tx303 1,622 1,271 814 317 266 169 
Tzi8 1,633 1,260 800 318 265 171 
Average 1,563 1,222 788 287 243 159 
Union 3,940 2,810 1,988 1,786 1,319 918 
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Tab.S5A: Functional enrichment tests of genes with extreme expression variation 
across genotypes 
Categor
y 
Type 
laye
r 
Functional annotation 
adjuste
d 
p-val 
log2 
(odds 
ratio) 
GVE 
Enriche
d 
L1 miscellaneous 7.1E-04 0.8 
L1 transport 2.5E-05 1.0 
L1 RNA 2.0E-13 1.1 
L2 signalling.receptor kinases 6.1E-03 1.1 
L2 RNA.regulation of transcription 2.9E-19 1.4 
L2 transport.ABC transporters and multidrug resistance systems 3.9E-02 1.7 
L3 RNA.regulation of transcription.C2H2 zinc finger family 1.4E-02 1.7 
L3 RNA.regulation of transcription.HB,Homeobox transcription factor family 7.3E-05 2.4 
L2 transport.p- and v-ATPases 1.9E-03 2.5 
L3 DNA.synthesis/chromatin structure.histone 1.3E-04 2.6 
L2 transport.Major Intrinsic Proteins 2.3E-02 2.7 
L3 
RNA.regulation of transcription.SBP,Squamosa promoter binding protein 
family 
2.2E-04 3.5 
L3 RNA.regulation of transcription.MADS box transcription factor family 7.8E-16 4.1 
L2 secondary metabolism.wax 5.3E-03 4.5 
L3 RNA.regulation of transcription.zf-HD 4.6E-07 4.8 
Deplete
d 
L1 protein 1.5E-06 -1.0 
L1 not assigned 2.7E-15 -1.0 
L2 not assigned.unknown 4.7E-15 -1.0 
L2 protein.synthesis 1.3E-04 -4.1 
L3 protein.degradation.ubiquitin 2.3E-02 -1.1 
L3 protein.synthesis.ribosomal protein 4.1E-05 -inf 
GSE 
Enriche
d 
L1 not assigned 3.1E-57 1.8 
L2 not assigned.unknown 3.7E-56 1.8 
Deplete
d 
L1 cell wall 1.4E-03 -2.8 
L1 development 1.4E-03 -2.4 
L1 miscellaneous 1.4E-05 -1.7 
L1 transport 1.4E-03 -1.4 
L1 RNA 3.1E-06 -1.0 
L1 signalling 1.1E-02 -1.0 
L1 protein 2.1E-02 -0.5 
L2 signalling.receptor kinases 6.3E-03 -2.9 
L2 development.unspecified 4.9E-02 -2.3 
L2 RNA.regulation of transcription 1.4E-06 -1.3 
*inf: infinity, due to zero odds ratio.  
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Tab.S5B: Functional enrichment tests of genes with extreme expression variation 
across tissues 
Category Type Layer Functional annotation 
adjusted  
p-val 
log2 
odds ratio 
TVE 
Enriched 
L2 misc.oxygenases 1.3E-02 7.3 
L2 transport.H+ transporting pyrophosphatase 1.3E-02 7.3 
L3 RNA.regulation of transcription.Global transcription factor group 1.5E-02 3.5 
L2 RNA.RNA binding 4.8E-18 2.9 
L4 protein.degradation.ubiquitin.proteasom 6.5E-06 2.8 
L3 RNA.processing.splicing 1.2E-04 2.7 
L3 RNA.processing.RNA helicase 8.6E-03 2.6 
L3 protein.synthesis.initiation 9.1E-04 2.4 
L3 protein.targeting.nucleus 2.2E-02 2.3 
L3 protein.targeting.secretory pathway 3.5E-05 2.3 
L2 RNA.processing 3.1E-11 2.2 
L2 RNA.transcription 1.3E-02 2.0 
L3 protein.degradation.ubiquitin 9.8E-15 1.8 
L2 protein.targeting 5.6E-06 1.8 
L2 cell.vesicle transport 2.4E-03 1.7 
L2 cell.cycle 4.1E-02 1.7 
L2 protein.postranslational modification 3.0E-09 1.5 
L1 protein 5.3E-26 1.4 
L2 protein.degradation 7.3E-12 1.3 
L1 RNA 1.6E-13 1.1 
L1 cell 2.3E-02 0.7 
Depleted 
L1 cell wall 1.5E-05 -inf 
L3 protein.synthesis.ribosomal protein 2.4E-04 -inf 
L4 protein.synthesis.ribosomal protein.eukaryotic 6.3E-04 -inf 
L1 secondary metabolism 2.8E-03 -3.5 
L2 signalling.receptor kinases 2.4E-03 -2.9 
L1 miscellaneous 2.9E-06 -1.8 
L1 hormone metabolism 2.7E-02 -1.8 
L1 transport 9.7E-03 -1.1 
L2 not assigned.unknown 3.8E-07 -0.7 
L1 not assigned 1.3E-07 -0.7 
TSE 
Enriched 
L3 secondary metabolism.isoprenoids.terpenoids 4.9E-02 3.6 
L1 not assigned 2.6E-86 2.2 
L2 not assigned.unknown 6.1E-85 2.2 
Depleted 
L1 transport 2.1E-03 -1.3 
L1 signalling 6.1E-04 -1.3 
L1 protein 1.7E-10 -1.4 
L1 miscellaneous 1.0E-05 -1.7 
L1 RNA 1.4E-14 -1.8 
L2 RNA.regulation of transcription 7.8E-12 -1.9 
L1 development 5.2E-03 -2.0 
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Tab.S5C: Functional enrichment tests of genes with extreme expression variation across 
genotypes and tissues 
Genotype Tissue Layer functional category 
Adjusted 
p-val 
log2 
odds ratio 
Variable Variable 
L2 RNA.regulation of transcription 1.30E-03 -3.9 
L2 cell wall.cell wall proteins 1.40E-04 4.2 
L2 cell wall.degradation 2.92E-18 5.2 
L2 cell wall.modification 1.07E-28 6.2 
L2 misc.peroxidases 1.30E-03 3.5 
L3 cell wall.cell wall proteins.LRR 4.14E-06 6.4 
L3 cell wall.degradation.pectate lyases and polygalacturonases 1.22E-23 7.2 
L3 cell wall.pectin esterases.PME 3.14E-02 4.9 
Variable Normal 
L2 cell wall.degradation 1.31E-05 2.6 
L2 hormone metabolism.salicylic acid 7.55E-03 4.0 
L2 lipid metabolism.TAG synthesis 4.73E-02 5.6 
L2 misc.cytochrome P450 7.69E-04 2.0 
L2 misc.oxidases - copper, flavone etc 1.30E-02 2.1 
L2 misc.peroxidases 4.68E-22 4.0 
L2 misc.protease inhibitor/seed storage/lipid transfer protein (LTP) family protein 1.45E-03 2.8 
L2 protein.postranslational modification 5.54E-03 -2.0 
L2 protein.synthesis 1.56E-04 inf** 
L2 protein.targeting 2.49E-02 inf 
L2 stress.abiotic 2.63E-02 1.1 
L2 stress.biotic 6.07E-04 1.5 
L3 RNA.regulation of transcription.AS2,Lateral Organ Boundaries Gene Family 1.31E-02 3.5 
L3 RNA.regulation of transcription.MADS box transcription factor family 4.36E-06 3.5 
L3 cell wall.degradation.pectate lyases and polygalacturonases 3.48E-07 3.5 
L3 hormone metabolism.salicylic acid.synthesis-degradation 1.31E-02 4.2 
L3 protein.synthesis.ribosomal protein 1.31E-02 inf 
L3 stress.abiotic.unspecified 3.03E-12 3.9 
Normal Variable 
L2 RNA.regulation of transcription 6.70E-07 -1.5 
L2 not assigned.unknown 7.05E-54 1.9 
L2 protein.degradation 1.37E-02 -1.2 
Normal Stable 
L2 RNA.RNA binding 2.28E-09 2.9 
L2 RNA.processing 9.13E-10 2.6 
L2 not assigned.unknown 4.51E-02 -0.5 
L2 protein.aa activation 3.20E-03 2.7 
L2 protein.postranslational modification 3.20E-03 1.3 
L2 protein.targeting 3.20E-03 1.8 
L3 RNA.processing.splicing 1.73E-05 3.4 
L3 RNA.regulation of transcription.Histone acetyltransferases 2.90E-02 4.1 
L3 protein.targeting.secretory pathway 4.94E-03 2.4 
Stable Stable 
L2 RNA.RNA binding 2.43E-06 2.6 
L2 RNA.processing 9.63E-03 1.7 
L2 cell.vesicle transport 3.69E-02 1.9 
L2 misc.dynamin 4.36E-02 3.9 
L2 not assigned.unknown 3.92E-03 -0.7 
L2 protein.degradation 4.29E-10 1.7 
L2 protein.postranslational modification 2.20E-04 1.5 
L2 protein.targeting 2.44E-03 1.9 
L3 protein.degradation.ubiquitin 3.68E-12 2.2 
L3 protein.targeting.nucleus 4.95E-03 3.2 
L4 protein.degradation.ubiquitin.proteasom 6.22E-09 3.8 
Stable Normal 
L2 RNA.processing 3.13E-02 1.6 
L2 cell.cycle 7.27E-03 2.5 
L2 protein.degradation 4.41E-08 1.5 
L2 signalling.receptor kinases 4.14E-02 inf 
L3 protein.degradation.ubiquitin 9.59E-08 1.8 
L4 protein.degradation.ubiquitin.proteasom 4.86E-04 3.1 
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Tab.S6: Functional enrichment of genes with > 50% haplotype diversity 
Haplotype 
diversity 
Function 
Layer 
Functional Category 
adjusted  
p-val 
log2  
odds ratio 
<5% 
L3 signalling.receptorkinases.wall associated kinase 1.37E-04 3.69 
L3 
RNA.regulation of transcription.AS2,Lateral Organ Boundaries 
Gene Family 
2.57E-04 3.15 
L3 
RNA.regulation of transcription.MADS box transcription factor 
family 
3.05E-04 2.23 
L3 secondary metabolism.isoprenoids.terpenoids 3.36E-02 1.88 
L3 stress.abiotic.unspecified 1.37E-04 1.60 
L3 
RNA.regulation of transcription.WRKY domain transcription 
factor family 
8.44E-05 1.60 
L3 protein.degradation.cysteine protease 7.79E-04 1.39 
L3 
RNA.regulation of transcription.AP2/EREBP, 
APETALA2/Ethylene-responsive element binding protein family 
8.44E-05 1.35 
L3 
RNA.regulation of transcription.MYB domain transcription factor 
family 
1.68E-06 1.31 
L3 RNA.regulation of transcription.putative transcription regulator 3.31E-02 -0.64 
L3 amino acid metabolism.synthesis.branched chain group 3.31E-02 -2.69 
>50% 
L3 signalling.receptor kinases.leucine rich repeat IV 3.22E-02 5.36 
L3 signalling.receptor kinases.leucine rich repeat III 1.06E-06 2.51 
L3 
RNA.regulation of transcription.ARF, Auxin Response Factor 
family 
1.54E-02 1.89 
L3 protein.degradation.ubiquitin 3.29E-02 -0.43 
L3 protein.synthesis.ribosomal protein 1.12E-03 -0.90 
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CHAPTER 3. GENERAL CONCLUSIONS 
Conclusions 
The revolutionary RNA sequencing technology was fully employed in this 
research to study genetic variants and variation of gene expression levels among maize 
genotypes. Transcription factors were demonstrated to underlie phenotypic diversity 
among genotypes, emphasizing the importance of regulatory variation in contributing 
to phenotypic diversity. Moreover, those stably expressed genes across genotypes were 
enriched for domestication and improvement targets and shown not to be enriched for 
deleterious alleles, favoring the theory that gene canalization were generated by 
stabilizing selection, which led to a decrease in its evolability (1). A substantial 
proportion of both gene haplotypes and CNVs were found to contribute significantly 
and tissue-specifically to expression variations, providing new insights in how those 
variants would affect biological functions.  
Regulatory variants underlies phenotypic variation 
There are many cases were protein coding alternations (2), small RNAs (3), 
transposable elements (4) and epigenetic modifications (5) lead to phenotypic 
variations. Our results, collectively with many other studies in primates, demonstrated 
that rapid evolution of transcription factors’ gene expression levels might be an 
important factors that underlies phenotypic variation. This was cross-validated by 
many GWAS analyses where regulatory SNPs/InDels within 5k flanking genic regions 
contribute mostly to the phenotypes (6). Further studies could be done to investigate 
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what alternative lead to the regulatory changes of transcription factors we observed. It 
might be also interesting to investigate downstream targets of those transcription 
factors and study how the variation progressed in the regulatory network.  
Deleterious alleles and heterosis 
Heterosis, or hybrid vigor, described a phenomenon that phenotypes of the 
offspring outperformed their parents (7). It had been hypothesized that deleterious 
alleles will complement with each other and thus led to a superior offspring which 
outperformed its parents (7). This hypothesis, known as complementation, had been 
supported by our results where genes affected by deleterious alleles were rare in allele 
frequency but widely existed among maize inbred lines. However, the methods for 
defining deleterious alleles are still controversial. Our results implied insufficient 
annotated gene models or unidentified isoforms would lead to errors in discovery of 
deleterious alleles. It will be interesting to investigate whether different genotypes will 
prefer different isoforms in maize.  
Patterns of genomic variants that contributed to expression variation 
Copy number variations’ importance had been revealed in recent years. It had 
already been demonstrated that CNV determined many distinct phenotypes, such as 
diseases in human (8). As high as 85%~90% of CNVs were shown to contribute to gene 
expression variation in human (9); nevertheless, only about 30% of CNVs in our study 
had significant main effects on expression levels. This could either because of different 
complexity of genomes, or because of higher false discovery rate of CNVs in maize. It 
will be very interesting to investigate why some CNVs did not contribute to expression 
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changes in maize. Consistent with that in human (10-12), ~20% CNVs had negative 
correlation with gene expression changes, that was, genes with more copies 
demonstrated less expression levels compared to genes with less copies. Those genes 
might be negative regulators of their downstream targets. For the first time, our results 
indicated that CNVs had tissue-specific effects on gene expression. This indicated that 
CNV could not only regulate temporal (13), but also spatial patterns of gene expression. 
The molecular functions of CNVs could be further studied.  
In conclusion, this research systematically investigated genetic variants, 
variation of gene expression levels and relationships between genomic variants and 
variation of gene expression levels. Importance of transcription factors in phenotypic 
diversity was revealed, as mechanisms of genetic canalization was also explored. It also 
revealed tissue-specific effects as an important mechanism for genomic variants to 
effects variation of gene expression levels. The conclusions here will help people better 
understanding phenotypic variation and put them into better practice. Moreover, this 
research also provided a rich resource for maize genetic, genomic and transcriptomic 
studies.  
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